INTRODUCTION
The majority of cellular function is mediated through proteins. These often co-operate and are frequently found as assemblies. To systematically unravel how cellular processes are carried out, it is important to have a detailed understanding of how proteins are organized into protein complexes (PCs). An accurate map of PC compositions is beneficial for systems-level analyses as well as for in-depth experimental research that can use this information to start further studies.
Several options are available for analyses that require definitions of PCs. Commonly used sets come from Gene Ontology (GO) (Ashburner et al., 2000) , whereby comprehensiveness is dependent on analysis of scientific literature. An alternative is to harness high-throughput data. For S. cerevisiae, several studies have systematically uncovered protein-protein interactions (PPIs) (Uetz et al., 2000; Ito et al., 2001; Ho et al., 2002; Gavin et al., 2006; Krogan et al., 2006; Yu et al., 2008; Tarassov et al., 2008) . The two recent large-scale mass spectrometry (MS) studies are most amenable for defining core PCs in a uniform manner. Merging the data from two studies (Gavin et al., 2006; Krogan et al., 2006) into a single set of PPIs (Collins et al., 2007) has led to different PC predictions (Hart et al., 2007; Pu et al., 2007) , sometimes by including other types of highthroughput data (Wang et al., 2009) . The drawback of the latter is that not all high-throughput data types have similar coverage. In addition, even when based on only a single data type, different prediction algorithms yield different results. Different definitions of PCs confound systematic analyses and are confusing for detailed research into individual PCs.
Here, we address these issues and define a consensus set of core PC compositions for S. cerevisiae. This is achieved by predicting PC compositions with a new approach and by generating a consensus of core PC compositions from the combination of this with previous predictions. When combined with PCs already described in GO, the result is a detailed description of 518 PCs, the largest set available for a single model organism whereby the compositions are all based on high-quality interaction data. This can then be used as a single set for systems-level analyses or can be applied to further refine existing knowledge and resolve discrepancies between literature and GO (Ashburner et al., 2000) .
RESULTS

An Alternative Approach for Identifying Core Protein Complexes from Mass Spectrometry Data
A recent analysis has provided more than 9000 high-confidence PPIs (Collins et al., 2007) by combining two large MS sets (Gavin et al., 2006; Krogan et al., 2006) . This consolidated PPI set can serve as a starting point to identify PCs and their composition. Predictions derived from this set differ considerably, both with regard to the number of PCs predicted and the compositions of similarly predicted PCs (Hart et al., 2007; Pu et al., 2007) . Out of 644 PCs described in either of these two predictions, only 110 have the same composition ( Figure 1A) . A large number of PCs that are not predicted identically by these two approaches often do have overlapping compositions, indicating prediction of the ''same'' PC but with a different composition ( Figures 1B and 2 ). These differences affect the majority of PCs predicted. One way of resolving this would be to adopt a single predicted set. However, as is demonstrated below, neither of the two previous predicted sets is significantly superior when analyzed by global measures. Another option is to build a consensus based on the two methods. This too is haphazard because it is possible that certain types of PCs and their compositions can be better predicted by one method rather than the other.
To arrive at a consensus, a third set of predictions was therefore generated using an approach that differs from the previous two. As described previously (Collins et al., 2007) , by applying hierarchical clustering, PPIs can be organized into a continuum of strongly interacting proteins organized around the diagonal ( Figure S1and Data S1 available online). PCs can be determined by visual inspection of this physical interactome map (Collins , 2007) , but this approach has not as yet been systematically applied. To automatically identify PCs and predict their composition from the physical interactome map, an algorithm termed forward-backward module detection (FBMD) was developed. This algorithm searches for groups of strongly interacting proteins by traversing the diagonal. This is done first from left to right, top to bottom and is then repeated from right to left, bottom to top to counter the influence of gaps (noninteracting proteins) at the initial starting position of putative PCs (Experimental Procedures). 472 putative PCs are predicted by applying FBMD on the consolidated MS data. Of these, 180 can be mapped to a previous GO PC (p % 0.01, Bonferroni corrected; Table S1 ). Comparison of the FBMD predicted set with either the Pu or Hart sets reveals differences in the PCs predicted, similar to the comparison between the Pu and Hart sets ( Figures 1A and 1B) .
Global Comparison of Predicted Protein Complexes
The PPI data underlying all three PC predictions is identical (Gavin et al., 2006; Krogan et al., 2006) . Although a similar subset was used by all three prediction methods, assessment by a variety of global measures is required before establishing a
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Defining Protein Complex Compositions consensus. This is to ensure that no single set of predictions forms an extreme outlier qualitatively and to establish whether the newer FBMD method works as well as previous predictions.
The relative number of PCs that can be assigned to a particular GO biological process, molecular function, or cellular component is similar for each of the three methods (p % 0.01, Bonferroni corrected; Figure 1C ), indicating that all three define PCs with similar biological coherence. The degree of mRNA coexpression of PC subunit genes across different conditions is another global metric for assessing confidence in large sets of PCs (Kemmeren et al., 2002) . The degree of subunit mRNA coexpression for the three sets of PCs is similar (p > 0.01, Bonferroni corrected; Figure 1D ). Also, no clear distinction can be made between previously established PCs and the three predicted sets, indicating that these are of comparable quality to previously established PCs (Collins et al., 2007) . These results indicate that no single set can be considered as an extreme outlier when compared by these global measures ( Figures 1C and 1D) . mRNA coexpression of predicted subunits ( Figure 1D ) or overlap with GO categories ( Figure 1C ) does not thoroughly address the differences in PC composition between the different methods ( Figure 1A ). In cases whereby one prediction method returns a composition that is a subset of the complete PC, both will score equally well. To further investigate differences, each predicted set was assayed by precision-recall analysis using, as reference, true positive interactions generated from manually curated PCs obtained from SGD (Cherry et al., 1998) ( Figure 1E ). This indicates a higher recall for the Pu set, higher precision for Hart and the FBMD set, and higher performance for the combination of recall and precision together. Global analyses indicate that all three sets result in similarly biologically coherent PCs ( Figures 1C and 1D ) even though the compositions' (Figures 1A and 1B) recall and precision differ (Figure 1E) . Because both recall and precision are important for determining a comprehensive map of PC compositions that is accurate, we next explored how the different sets could best be combined. 
A Consensus Set of Protein Complexes
Pair-wise combinations of the predicted sets perform worse in precision-recall analysis ( Figure 1E ), underscoring the requirement for the third prediction method. How the three sets can be combined to arrive at a consensus is shown in Figure 2 . This also indicates why pairwise combinations are less advantageous than a three-way comparison, as is intuitive as long as the different data sets are of similar quality. To define a consensus, similar PCs between the three sets were first mapped using a hypergeometric testing procedure. When a significant overlap between two or more PCs is found (p % 0.05, Bonferroni corrected) they are grouped as one PC cluster (Figure 2 , boxed sections). Only those PC clusters that originate from at least two sets are included in the consensus. The PCs captured in the consensus therefore correspond to the two-and three-way overlaps of similar, but not necessarily identical, PCs depicted in Figure 1B . The total number of consensus PCs deviates from the sum of these overlaps due to merging of several smaller PCs into single larger PCs within the consensus. To address the differences in composition for PCs that are similar, PC compositions within a cluster are aligned, and only those subunits that occur in at least two predictions are kept in the consensus (Figure 2) .
Differences between individual predictions and the consensus illustrate the challenges related to defining core PCs. The following examples all fall within the three-way overlap of similar PCs depicted in Figure 1B but are predicted to have different compositions by each method. The cohesin PC is required for sister chromatid cohesion during mitosis and consists of Smc1, Smc3, Irr1, and Mcd1 (Bouck et al., 2008) . The composition derived by Pu does not include the established Irr1/Scc3 subunit ( Figure 2A ). The composition derived by Hart contains all of the established members but also includes the Polo-like kinase Cdc5, which regulates sister chromatid separation. Cdc5 is not considered a constitutive part of the cohesin PC (Bouck et al., 2008) . Similarly, the FBMD-derived PC includes the known members, but also Scc2 and Scc4. Together, Scc2 and Scc4 form a separate PC that facilitates loading of cohesin onto chromosomes, but this is not a constitutive part of the PC (Ciosk et al., 2000) . The automatically derived consensus PC contains only the established members and is a more accurate representation of the core PC than any of the individual predictions ( Figure 2A) . Similarly, the compositions of the SET3 histone deacetylase ( Figure 2B ) or of the Elongator PC ( Figure 2C ) differ slightly between the various predictions. This is resolved by generating the consensus that accurately represents the composition previously established by biochemical purification (Pijnappel et al., 2001; Petrakis et al., 2005) . As is the case for cohesin (Figure 2A ), many of the subunits found only in one individual prediction are functionally related to the core PC and often reflect interactions that are known to be regulatory or transient. The consensus PCs are, by definition, more likely to represent the core PC, and manual inspection revealed no examples for which this is clearly not the case. In Table S1 , we have included the results of all of the prediction methods alongside each consensus composition to ensure that all information is easily accessible within a single resource.
In total, 350 PCs are defined by the consensus. Precision and recall is increased compared to the individual predictions or any pair-wise combination ( Figure 1E ). GO term ( Figure 1C ) and subunit coexpression ( Figure 1D ) analysis also indicates improvement for the consensus.
Because no automated approach is likely to be perfect, each resulting consensus PC was inspected manually. This consisted of comparing the consensus predictions with the physical interactome map ( Figure S1 and Data S1), which lends itself best for visualization. In the majority of cases, the automated procedure works well, and only 33 of the 350 PC compositions were adjusted slightly. This consisted of splitting PCs up into smaller PCs whenever a group of strongly interacting proteins was separated from other groups of strongly interacting proteins through visibly weaker interactions. The curated consensus set therefore comprises 409 PCs encompassing 1628 proteins (Table S1 ).
GO describes 259 PCs. Of the 409 PCs in the curated consensus set, 150 are recorded within GO (Ashburner et al., 2000) . This suggests that the curated consensus set incorporates almost two-thirds of all known and unknown PCs in yeast and includes more than one-third of all verified proteins, underscoring the comprehensive nature of this resource.
Literature-Based Verification and Enhancing Gene Ontology
To further verify accuracy, an exhaustive literature search was performed, using the 259 curated consensus PCs not captured within GO as a starting point. For 85 PCs not described in GO, previous literature-based evidence in the form of coimmunoprecipitation or copurification experiments was found (Table S1 ). Among these 85 PCs are a number of well-established PCs ( Figure 3 ). One example is the Rad6-Rad18 ubiquitinconjugating PC, which is involved in postreplication repair of UV-damaged DNA and was biochemically characterized more than 10 years ago (Bailly et al., 1994) . A second example is the Ste11 MAP kinase kinase kinase and its scaffold protein Ste50, both part of the yeast mating pathway and known to constitutively interact (Posas et al., 1998) . Another intensively studied example is Pho85, a cyclin-dependent kinase (CDK). The participation of Pho85 in several PCs with diverse cyclins is captured within the curated consensus and includes the Pho80-Pho85-Pho81 cyclin-CDK-CDK inhibitor PC, a key regulator in phosphate-responsive signaling , and the Pcl7-Pho85 CDK-cyclin PC (Lee et al., 2000) . A final example is from a group of 22 (sub)complexes for which greater detail is captured within the curated consensus set than within GO. TFIIH is a basal transcription factor required for transcription initiation of all protein-coding genes and is also involved in nucleotide excision repair (Myer & Young, 1998) . The TFIIH holocomplex can dissociate into core TFIIH and the heterotrimeric TFIIK PC (Feaver et al., 1994) . All subunits are correctly annotated as part of the TFIIH holocomplex within GO, but the fact that these can also exist as members of individual subcomplexes is not recorded, whereas this is evident from the curated consensus PCs.
That there are 85 PCs in the curated consensus not described in GO but for which there is ample previous evidence indicates that a high degree of confidence can be placed in the curated consensus set. This is already suggested by the global analyses ( Figure 1 ) and by the fact that all predictions were based on highconfidence PPIs (Collins et al., 2007) . It demonstrates the utility of a single comprehensive set of predicted PCs for systematic studies. To aid annotation initiatives such as GO, the full list of references supporting these 85 consensus predictions is included as part of Table S1 . Even taking only these 85 consensus PCs for which there already is strong literature-based evidence increases the number of S. cerevisiae GO PCs by 33%. Table S1 also provides a single list of all PCs captured either in the curated consensus or in GO. As is discussed further below, such merging of interaction annotations derived by different approaches is not always recommended and depends on the application. However, this combination of GO and consensus predictions results in 518 PCs encompassing 1962 proteins, all supported by high-confidence protein interactions
Representation of the Rad6-Rad18 ubiquitin-conjugating PC (A, gray), the Ste11-Ste50 PC (B, gray), the Pho80-Pho85-Pho81 cyclin-CDK-CDK inhibitor PC and Pcl7-Pho85 CDK-cyclin PC (C, gray), and the TFIIK (purple) and core TFIIH PC (red) (D) from the interactome map ( Figure S1 and Data S1). Direct (bait-prey) interactions are colored black (0) to yellow (1).
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Validation of Predicted Protein Complexes by In Vivo Coprecipitation
Besides the previously established PCs, found either in GO or supported by previous biochemical experiments, 174 PCs from the curated consensus have no additional support. To test accuracy, several of these were selected for validation by experiments, also because none of the underlying previous predictions had been tested in this way before (Hart et al., 2007; Pu et al., 2007) . One of these consensus PCs consists of Nuc1, Trz1, and Ymr099c ( Figure 4A , left). These proteins do not share obvious functional relationships. Nuc1 is a mitochondrial nuclease (Zassenhaus & Denniger, 1994) . Trz1, homologous to the human candidate prostate cancer susceptibility gene ELAC2, has been reported to be a tRNA 3 0 end processing endonuclease (Chen et al., 2005) , and Ymr099c is a glucose-6-phosphate 1-epimerase involved in carbohydrate metabolism (Graille et al., 2006) . To independently test the interactions, an assay was chosen that differs from the original tagging MS approach on which the curated consensus is based (Gavin et al., 2006; Krogan et al., 2006 ). Protein interactions were tested by coexpression of pairs of GST-and myc-tagged PC members in yeast, followed by GST pull-down from a crude lysate and identification of coprecipitating proteins by western blot. Analysis of the association between Nuc1, Trz1, and Ymr099c in this way confirms that all three interact pairwise ( Figure 4A , right), together verifying the PC.
A second PC tested consists of Vid22, Tbf1, and Ygr071c ( Figure 4B , left). Vid22 is involved in transport of fructose-1, 6-biphosphate from the cytosol to vacuole import and degradation vesicles (Brown et al., 2001) . Tbf1 is a telobox-containing factor (Brigati et al., 1993) , and YGR071C encodes a putative protein of unknown function. Only deletion of TBF1 is lethal, suggesting that Tbf1 has an additional role outside of the PC. As predicted by the curated consensus, all three proteins interact pairwise ( Figure 4B , right), thereby confirming the PC.
Validation of Predicted Protein Complexes by Comparative Expression Profiling
Physical interaction assays can be laborious and add little information other than validation of the original interaction. We therefore investigated whether a completely independent, more amenable approach could also validate physical interactions while at the same time yielding additional functional information. It has been shown that gene expression profiling of PC subunit mutations reveals structure-function relationships (van de Peppel et al., 2005) . The rationale is that, if two or more proteins participate in the same PC contributing to a single function, the set of genes with changed mRNA expression in the subunit deletion mutants will show a high degree of similarity. This is clearly the case for a number of established (sub)complexes ( Figure 4C ). For instance, Mediator, a conserved coregulator of transcription by RNA polymerase II, consists of distinct subcomplexes such as the Cdk/Cyclin, Tail, and Head (Dotson et al., 2000) . This is also evident from comparative expression profiling, with mutants from the same subcomplex clustering tightly together because of similarity in the corresponding expression profiles. Another example is the heterodimeric PC that consists of the two basic helix-loop-helix-leucine zipper (bHLH/Zip) transcription factors Rtg1 and Rtg3, involved in the retrograde and TOR signaling pathways (Crespo et al., 2002) . Deletion of either RTG1 or RTG3 results in virtually identical expression profiles, reflecting an equal contribution to function ( Figure 4C ).
The Ubp15-Ecm30 Ubiquitin Protease Complex Is Involved in Methionine Metabolism
Having established that known PC subunits can be analyzed in this way, the curated consensus Ubp15-Ecm30 PC ( Figure 5A , left) was selected for validation by the interaction assay and by comparative expression profiling. This PC consists of the deubiquitinating enzyme Ubp15 and Ecm30, a protein of unknown function involved in uncharacterized aspects of cell surface biosynthesis, as determined in a large screen (Lussier et al., 1997) . Ubp15 interacts with Ecm30, as tested by coprecipitation ( Figure 5A , right). Furthermore, the expression profiles of either deletion mutant show a strong resemblance, resulting in a compact cluster ( Figure 4C ) of highly correlated profiles ( Figure 5B , R = 0.818).
A potential advantage of expression profiles is insight into the cellular process affected by the uncharacterized PCs. Deletion of UBP15 or ECM30 affects the sulfur amino acid, methionine, and arginine biosynthesis pathways. This is evident from the list of genes upregulated upon deletion ( Figure 5C ), most of which are involved in amino acid metabolism (p = 7.35 3 10 À27 ). Virtually all components of the pathways for methionine biosynthesis and arginine synthesis are upregulated in these mutants ( Figure 5D ). Methionine transport is ubiquitin dependent (Menant et al., 2006) , with three ubiquitin ligases known to be involved. An oppositely acting ubiquitin protease has as yet not been identified for this process. Besides confirming that the predicted interaction between Ubp15 and Ecm30 is functional, the expression profiles of ubp15D and ecm30D indicate that the Ubp15-Ecm30 ubiquitin protease PC is involved in methionine metabolism.
Another prediction tested is the putative Tus1-Ypl066w PC ( Figure 6A, left) . No previous evidence exists for a physical interaction between Tus1, a GDP/GTP exchange factor that modulates Rho1 activity within the cell integrity signaling pathway (Schmelzle et al., 2002) , and Ypl066w, a putative protein of unknown function. However, in support of the predicted PC, comparative expression profiling clearly groups tus1D and ypl066wD together ( Figure 4C ). Although only a few genes are affected, the expression profiles of tus1D and ypl066wD show a strong correlation ( Figure 6B , R = 0.711). In agreement with a role of the Tus1-Ypl066w PC in the cell integrity signaling pathway, one-third of the genes significantly upregulated are implicated in this pathway ( Figure 6C ).
A third prediction tested is based on a much larger curated consensus PC consisting of Oca1, Oca2, Siw14 (Oca3), Oca4, Oca5, and Oca6 ( Figure 6A, right) . In the past, Oca1 and Oca3 have been implicated in the checkpoint response to oxidative stress and actin filament organization respectively (Alic et al., 2001; Care et al., 2004) . More recently, Oca1-Oca6 have been directly implicated in telomere capping and uncapping (Addinall et al., 2008) . Such data suggest a strong functional relationship. The expression profiles of the deletion mutants cluster together ( Figure 4C ) and show a very similar expression pattern (Figure 6D) , providing further evidence for the physical association between Oca1-Oca6. 
Testing FBMD-Dependent Complexes
To test the benefit of the new prediction method (FBMD), an additional four PCs were selected, whereby inclusion in the consensus was dependent on FBMD. The first is the putative Bud22-Efg1 PC ( Figure 6E , left). Bud22 is a protein involved in bud site selection (Ni & Snyder, 2001) , whereas Efg1 has been reported to be involved in 18S rRNA maturation (Peng et al., 2003) . Expression profiling of bud22D and efg1D results in a highly similar profile ( Figure 6E , right), demonstrating that the interaction is functional. GO analysis is much more supportive of a bud site selection role than a role in 18S rRNA maturation for this PC.
Other FBMD-dependent predictions tested are the putative Vac8-Nce102, Yml119w-Yll032c, and Pet112-Her2 PCs (Figures 6F-6H ). Vac8 has been reported to function in multiple PCs with different tasks (Subramanian et al., 2006) . This is reflected in its deletion expression profile, which shows significant overlap with the entire Nce102 deletion profile with an additional set of genes changing. The Yml119w-Yll032c PC is supported by a very small expression profile, but the profiles are identical between the two deletions, with all genes indicating involvement in cell wall regulation of phosphate metabolism. Expression profiles of the Pet112-Her2 PC members show high similarity and enrichment for genes located in mitochondria (GO mito- chondrial part; p = 3.17 3 10 À6 ). During the course of this work, it has been shown that the protein pair forms a glutamyltRNA(Gln) amidotransferase located in mitochondria (Frechin et al., 2009 ). In total, nine curated consensus PCs were verified by an interaction assay and/or comparative expression profiling (Figures 4-6) . The results underscore the power of the expression profiling approach for determining which interactions are functional and for learning more about the cellular roles of these PCs.
Mapping Interactions between Complexes with Binary Interaction Data
To further demonstrate the utility of the curated consensus set, we investigated interactions between PCs. The PCs derived here are based on affinity purification followed by MS analysis. Due to the washing procedures (Gavin et al., 2006; Krogan et al., 2006) and the subsequent merging and thresholding of data (Collins et al., 2007) , the PPIs are likely enriched for strong PPIs. More transient but functionally interesting interactions, for instance, between different core PCs, are less likely to be reflected in the processed data. Interaction assays suitable for detecting both transient and strong PPIs are the yeast twohybrid interaction assay (Y2H) and the protein fragment complementation assay (PCA) (Tarassov et al., 2008) . To determine whether such PPIs would detect interesting intercomplex interactions, binary PPI data (Uetz et al., 2000; Ito et al., 2001; Yu et al., 2008; Tarassov et al., 2008) were mapped on top of the physical interactome map.
Despite differences in coverage, several interesting intercomplex interactions are identified ( Figure 7A and Data S2 and S3). One example includes the PCA interactions observed between the Lsm PC, involved in splicing and mRNA decapping, and the coregulatory Ccr4-Not transcription PC ( Figure 7B ). Ccr4-Not also functions as the primary cytoplasmic deadenylase required for mRNA decay (Tucker et al., 2001) . Several studies have found links between Lsm PC members and Ccr4-Not (Hata et al., 1998) , and this functional link is supported by the PCA interactions. Figure 7B also portrays another intercomplex interaction, between the Dcp1-Dcp2 mRNA decapping PC and the Lsm PC, previously demonstrated by coimmunoprecipitation (Tharun et al., 2000) . This was also found as an interaction within one of the underlying MS studies (Gavin et al., 2006) but was lost in the subsequent merging and thresholding (Collins et al., 2007) . It is also important to note that, when mapping binary interac- Figure 3. (B) Scatter plot of tus1D versus ypl066wD mRNA expression profiles as described in Figure 5B . (C) Expression profiles of tus1D and ypl066wD as described in Figure 5C . Genes previously implicated in the cell integrity signaling pathway are denoted with an asterisk. (D) Clustered heat map of oca1D, oca2D, oca3D,  oca4D, oca5D , and oca6D based on all genes that show a significant change in mRNA expression in any single mutant (p % 0.01; FC R 1.5). (E-H) (Left panels) The putative Bud22-Efg1, Vac8-Nce102, Yll032c-Yml119w, and Pet112-Her2 PCs, respectively. (Right) Expression profiles of bud22D and efg1D, vac8D and nce102D, yll032cD and yml119wD, and pet112D and her2D, as described in Figure 5C . Genes located in the mitochondria are indicated with an asterisk.
tions onto a large PC such as the Lsm complex, the coverage looks sparser compared to MS data ( Figure 7B ). This, in fact, reflects another advantage of Y2H and PCA, that is, that the direct binary interactions are being mapped.
The advantages of combining binary interactions and MS-derived PCs are also reflected by the interactions observed between the oligomeric Golgi PC and the two Nsp1-containing nuclear pore subcomplexes ( Figure 7C ). This forms a set of previously uncharacterized interactions linking nuclear trafficking to Golgi transport and is specific to the Nsp1-Nic96-Nup49-Nup57 subcomplex of the nuclear pore that is found at the nuclear and cytoplasmic periphery of the central channel (Weis, 2007) . These examples highlight the advantage of having a single set of PCs that allows for comparison to other large-scale sets. It also underscores the complementary nature of different high-throughput interaction assays, indicating that it is very worthwhile to complete ongoing Y2H and PCA initiatives toward full coverage.
DISCUSSION
The aim of this study is to generate a uniform data set that describes core PCs and their composition as accurately and comprehensively as possible, thereby providing a resource for various studies, including modeling molecular pathways, investigating PC assembly (de Lichtenberg et al., 2005) , and the modularity of PCs in general (Gavin et al., 2006) . Several criteria indicate that the curated consensus set of 409 PC predictions is accurate, such as the fact that they are based on the 
Oligomeric Golgi complex Nuclear pore subcomplexes (Collins et al., 2007) , the global analyses (Figure 1) , previous biochemical support for 85 of the predicted PCs not described in GO, and the experimental verification of nine predicted PCs (Figures 4-6) . The latter demonstrates how useful this set of PCs is as a starting point for further analyses. The improvements for annotation by identification of 85 literature-supported PCs not reported in GO demonstrates the utility for systematic analyses. Combining the consensus PCs with GO results in 518 PC descriptions (Table  S1 ), thereby doubling the number of systematically described PCs available for yeast, all based on high-quality interactions and likely representing the majority of core PCs for this organism.
The different results of the three prediction methods ( Figure 1A ) are unexpected in the sense that they are based on the same underlying data. Furthermore, the first two methods are quite similar to each other. All methods involve taking a high-confidence subset of the consolidated MS data. For FBMD and Pu, this subset is identical. For Hart, the subset was derived by applying a metric similar to the PE score (Collins et al., 2007) . Both the Hart and Pu studies then employ Markov clustering (MCL) to define PCs. MCL differs from FBMD. MCL does not use information from hierarchical clustering and does not assign proteins to more than one PC. The differences are likely influenced by thresholding too. Definition of what constitutes a PC is, to some degree, arbitrary. This also holds for biochemical approaches because different purification schemes often result in different PC compositions. Use of a consensus approach is warranted in such cases and, by definition, results in core compositions of PCs, thereby excluding less-stable interactions. For the previously well-characterized PCs, many subunits predicted differently by the different methods are known to interact, to some degree, with the PC (Figure 2 ) but are not considered as part of the core PC. Strictly including or excluding such proteins ignores the transient nature of many noncore PPIs. To ensure that such information is not lost, Table S1 also contains the results of the different methods individually.
Another issue raised is the nature of experiments aimed at verification of high-throughput PPI data or predictions based on such data. The comparative expression profiling approach ( Figure 4C ) is relatively simple and does not suffer from the drawback of using one physical interaction assay to verify another physical interaction assay because it is wholly independent. It is a way of determining a functional interaction, rather than a purely physical one. A distinct advantage is that it can shed light on the cellular roles of otherwise uncharacterized interactions. Success does, however, rely on the availability of suitable mutants or knockdown constructs, as well as on the disruption leading to a significant profile, which will not always be the case under a single growth condition.
To what degree should the results of high-throughput studies or of predictions be included alongside annotations based on indepth experimentation? Obviously, this depends on data quality, which is difficult to address for every individual data point. Quality requirements will also differ, depending on the nature of downstream applications. Blind incorporation of highthroughput data or of predictions alongside annotations based on in-depth experimentation would be detrimental for some applications. Fortunately, annotation initiatives such as GO take this into account by including a description of the annotation source, allowing choice in the sources of annotation preferred (Ashburner et al., 2000) . With regard to the curated consensus set of 409 PCs, several options are available. The 85 PCs with previous literature-based confirmation (Table S1 ) fulfill the requirements for incorporation as ''inferred from physical interaction'' GO macromolecular PCs. The remaining PCs should be annotated differently, for instance, as ''reviewed computational analysis,'' as these compositions are derived from processing of high-throughput derived PPIs. For systemic studies that require as complete and as accurate a description of PCs as is currently possible, the 518 PCs resulting from the combination of GO PCs with the curated consensus PCs (Table S1 ) likely offer the best combination of comprehensiveness and accuracy. When judging this, it is important to bear in mind that the curated consensus compositions are based on a single set of high-confidence PPIs that have been obtained by merging two very large-scale MS data sets (Collins et al., 2007) . These have then been used to determine PCs by three different approaches (Hart, Pu, FBMD) , and from this, only a consensus has been taken. Global analyses, literature search, and the experimental verification all indicate that the PC compositions are accurate, as are PC compositions that have not previously been determined by detailed biochemical assays.
Comparison of the curated consensus with Y2H and PCA data indicates that it is worth pursuing such complementary projects to fuller coverage. The lack of overlap between the different data types can, in part, be attributed to a lack in coverage, particularly for the Y2H and PCA approaches. Another more biologically interesting reason is that they are able to detect different types of physical interactions. Whereas the MS data are more amenable for detecting stable PPI, the Y2H approach is able to pick up more transient interactions, in part due to the overexpression system used. This, however, also leads to more false positives. In addition, the Y2H approach uses a reporter assay that requires the two proteins to interact physically inside of (Uetz et al., 2000; Ito et al., 2001; Yu et al., 2008) or PCA (Tarassov et al., 2008) interaction data. Complex-complex interactions supported by at least two binary links are shown. Edge widths are scaled according to the number of links supporting the complex-complex interaction, and nodes (complexes) are scaled according to the number of proteins that make up the complex. Complexes larger than 64 are shown as single dots (cytosolic large ribosomal subunit, 90S preribosome). (B) The Dcp1-Dcp2 decapping enzyme PC (green), Lsm PC (red), and Ccr4-Not PC (blue) from the interactome map. PPIs detected by MS analysis only are labeled black (0) to yellow (1); interactions detected by both MS analysis and Y2H are labeled black (0) to blue (1); interactions detected by both MS and PCA are labeled black (0) to green (1); interactions detected by MS, Y2H, and PCA are labeled black (0) to purple (1); interactions picked up only by Y2H are labeled red; and interactions detected by PCA only are labeled orange (see also Data S2 and S3). (C) The oligomeric Golgi PC (green) and the two Nsp1-containing nuclear pore subcomplexes (red) from the interactome map. the nucleus, thereby excluding interactions that are dependent on the cellular location. The PCA approach circumvents this problem, as it does not require expression of a reporter gene. Completing these complementary approaches will therefore reveal many more interesting interactions between PCs, as well as insight into interaction domains within and between PCs (Vidal, 2005) . This is important for efforts aimed at artificially disrupting PPIs, either for understanding what the interaction does, for biotechnology, or for therapeutic intervention. In this sense, the set of S. cerevisiae PCs described here is still only one of the initial steps toward describing a complete interactome. As a basis for further studies, including systems biology, we anticipate that such sets will prove to be very useful.
EXPERIMENTAL PROCEDURES
Identification of Protein Complexes and Composition
Prediction of PCs using the forward-backward module detection (FBMD) algorithm is done in three separate steps. First, the algorithm traverses along the diagonal of the clustered interactome map (0.2 scaled PE score cutoff; Collins et al., 2007 ) from left to right and top to bottom. At each position along this diagonal, the module (PC) is expanded with one column/row as long as the percentage of protein interactions (scaled PE score > = 0.06) is greater than 50% within each column. Second, the procedure is reversed, and the algorithm traverses along the diagonal from right to left and bottom to top. This ensures that the correct offset for the PCs is detected. Third, as many (partially) overlapping PCs are detected by the first and second step, PCs that share more than 60% of their members are merged.
Creation of the Consensus Set of Protein Complexes
All PCs from the different PC prediction sets were mapped against each other using a hypergeometric testing procedure. Each individual PC is given a set of target PCs in the other PC prediction sets if it has a significant number of overlapping PC members (p % 0.05, Bonferroni corrected). Based on the reciprocal matches between the different PCs, PCs from the different sets are grouped together as a PC cluster. The PCs are then aligned within each cluster, and only those PC members that are present in at least two originating PCs are retained in the consensus PC.
True Positive Interactions
Manually curated PCs were extracted from SGD (Cherry et al., 1998) on February 2, 2008, using the GO cellular component annotations. GO annotations containing the words ''complex,'' ''subunit,'' ''ribosome,'' ''proteasome,'' ''nucleosome,'' ''repairosome,'' ''degradosome,'' ''apoptosome,'' ''replisome,'' ''holoenzyme,'' or ''snRNP'' were used to assign proteins with the same GO annotation to a PC. True positives were calculated for PPIs within the GO PCs.
Gene Ontology Enrichment Analysis
Gene Ontology annotations where obtained from SGD (Cherry et al., 1998) on February 2, 2008. To avoid biases toward previously predicted interactions, GO terms that were based on one of the following computational evidence codes were excluded: IEA, ISS, ISO, ISA, ISM, IGC, and RCA. The background population was set separately for the individual PC sets based on the information provided in the original publications with regard to the total number of proteins.
mRNA Coexpression Analysis
The average degree of mRNA coexpression, as determined across a compendium of gene expression data (Kemmeren et al., 2002) , was calculated for each PC for either a randomly selected set of PCs, the GO established PCs, the Hart predicted PCs, the Pu predicted PCs, the FBMD predicted PCs or the consensus PCs by averaging the Pearson correlation of all pairwise interactions within each PC. Significance tests were performed using a paired Mann-Whitney test. The resulting p values were Bonferroni corrected.
Strains and Plasmids for Coprecipitation Interaction Assays
All expression vectors were constructed using the Gateway recombinatorial cloning technology (Invitrogen), as described previously (Guglielmi et al., 2004) . The Gateway destination vector to obtain galactose inducible GST fusion proteins was pEGH-Dest (gift from Marian Walhout). The Gateway destination vector to obtain Myc fusion proteins, pGM424-Dest, was constructed by inserting a GAL1 promoter, MYC-tag, a Gateway Destination Cassette, and ADH1 terminator into pRS424 (ATCC, Orlando, #77105). Entry clones were generated from expression vectors (Open Biosystems Yeast ORF collection, #YSC3868). All ORFs were then transferred from these entry clones into pEGH-Dest and pGM424-Dest using the Gateway LR-reaction (Invitrogen) and transformed into YPH499.
Coprecipitation Interaction Assay
Single and double transformants were grown in a 50 ml culture SC-Trp (Myc tag) or SC-Ura (GST tag) of SC-Trp-Ura (double transformants) from OD600 0.5 to 1.0. Protein expression was induced by addition of 2% galactose. After 1 hr, cells were harvested by centrifugation and pellets were snap frozen in liquid nitrogen. All subsequent steps were performed at 4 C. Pellets were thawed on ice, resuspended in 700 ml lysis buffer (50 mM HEPES [pH 7.5], 150 mM NaCl, 1 mM EDTA, 1% Triton, 0.1% sodium deoxycholate, 0.1% SDS, 1 mM PMSF, 50 mM NaF, protease inhibitor cocktail tablet (complete mini, Roche #1836153) and were transferred to a tube containing 0.5 mm zirconia beads. Cells were lysed using a bead-beater (Disruptor Genie, Scientific Instruments #SI-D256) and centrifuged. The cleared lysates were transferred to a fresh tube, and total protein concentration was determined for each sample. Lysates were adjusted to equal protein concentration with lysis buffer, diluted 1:4 with 1 3 PBS, and added to glutathione beads (Sigma #G4510, 35 ml of 50% slurry per IP). This was then incubated for 1.5 hr under agitation. Next, beads were washed four times with one volume of wash buffer (1 3 PBS + 0.05% Tween20) and resuspended in 50 ml of sample buffer. Interactions were further analyzed by SDS-PAGE and western analysis using anti-MYC antibodies. Expression of GST fusion proteins was verified separately by SDS-PAGE using anti-GST antibodies.
Gene Expression Profiling
All deletion strains have a BY4742 background. Deletion strains are from the Saccharomyces genome deletion consortium (Giaever et al., 2002) , obtained either through Euroscarf (Fankfurt, Germany) or Open Biosystems (Toronto, Canada). New deletions were constructed in BY4742 background for cyccD and cdk8D by replacing the gene with a kanMX4 cassette (Giaever et al., 2002) . Cells were grown in SC medium with 2% glucose. Two independent colonies were inoculated, and overnight cultures were diluted in fresh medium to an optical density of 0.15 at OD600 (60 ml cultures, 250 rpm shaking incubator 30 C). Cells were harvested by centrifugation (4000 rpm, 3 min) at an OD600 of 0.6, and pellets were frozen in liquid nitrogen. RNA isolation, labeling, hybridization, and microarray production were as described before (Margaritis et al., 2009) . For each mutant, the replicate profiles from two independent cultures were compared to a set of replicate wild-type profiles grown on the same day and a pool of wild-type replicates through a common reference. Nonbackground subtracted data was normalized using print-tip LOESS (span 0.4), followed by gene-specific dye bias correction as described before (Margaritis et al., 2009) . p values were obtained from the limma R package (2.12.0) after BenjaminiHochberg FDR correction. Genes significantly changing (p % 0.01; FC R 1.5) in at least one mutant were included in the hierarchical clustering procedure.
Supporting Website
In addition to the supplemental tables, figures, and data files available in the Supplemental Information section, a website has been created (http:// complexome.holstegelab.nl) that supports search for individual proteins in any PC set derived here. Additional information regarding significant GO cellular component matches and PubMed references supporting curated consensus PC predictions can be retrieved. The FBMD software is available upon request. The entire gene expression data set is available at ArrayExpress (http://www.ebi.ac.uk/arrayexpress).
ACCESSION NUMBERS
Data has been submitted to ArrayExpress (http://www.ebi.ac.uk/arrayexpress) (Parkinson et al., 2009) , with accession numbers E-TABM-654 (mutants) and E-TABM-773 (wild-type replicates).
SUPPLEMENTAL INFORMATION
Supplemental Information includes one table, two figures, and three online data sets and can be found with this article online at doi:10.1016/j.molcel. 2010.06.002.
